A new local feature based image representation method is proposed. It is derived from the local Gabor phase difference pattern (LGPDP). This method represents images by exploiting relationships of Gabor phase between pixel and its neighbors. There are two main contributions: 1) a novel phase difference measure is defined; 2) new encoding rules to mirror Gabor phase difference information are designed. Because of them, this method describes Gabor phase difference more precisely than the conventional LGPDP. Moreover, it could discard useless information and redundancy produced near quadrant boundary, which commonly exist in LGPDP. It is shown that the proposed method brings higher discriminative ability to Gabor phase based pattern. Experiments are conducted on the FRGC version 2.0 and USTB Ear Database to evaluate its validity and generalizability. The proposed method is also compared with several state-of-the-art approaches. It is observed that our method achieves the highest recognition rates among them.
Introduction
Over the last decades, biometrics has gained increasing attention because of its broad applications ranged from identification to security. As one of its main research topics, face recognition has been developing rapidly. Numerous face recognition methods have been put forward and adopted in real-life advanced technologies. Meanwhile, ear recognition has also raised interest in research and commercial communities, since human ear is one of the representative human identifiers, and ear recognition would not encounter facial expression and aging problems [1] . As we know, the main task of vision-based biometrics is to extract compact descriptions from images that would subsequently be used to confirm the identity [2] . For face recognition, the key problem is also to represent objects effectively and improve the recognition performance, which is the same with that in ear recognition. In this paper, a new image representation method is presented based on the Local Gabor Phase Difference Pattern (LGPDP) [8] . It captures the Gabor phase difference in a novel way to represent images. According to the Gabor function and new phase difference definition, we design encoding rules for effective feature extraction. The proposed encoding rules have the following characteristics: 1) divide the quadrants precisely and encode them by a 2-bit number; and 2) avoid useless patterns that might be produced near the quadrant boundary, which is an unsolved problem in the LGPDP. From the results of experiments conducted on the FRGC ver 2.0 database for face recognition and USTB ear database for ear recognition, the proposed method is observed to further improve the capability of capturing information from the Gabor phase. The extension of its application from face recognition to ear recognition also achieves impressive results, which demonstrates its ability as a general image representation for biometrics. To our best knowledge, this is the first utilization of Gabor phase difference in ear image representation.
Background of Methodology
By now, various image representation methods have been proposed for vision-based biometrics. For face recognition, these methods can be generally divided into two categories: holistic matching methods and local matching methods. The Local binary pattern (LBP) [16] , Gabor features and their related methods [3] - [6] have been considered as promising ways to achieve high recognition rates in face recognition. One of the influential local approaches is the histogram of Gabor phase patterns (HGPP) [7] . It uses global and local Gabor phase patterns for representation taking advantage of the fact that the Gabor phase can provide useful information as well as the Gabor magnitude. To avoid the sensitivity of Gabor phase to location variations, the Local Gabor Phase Difference Pattern (LGPDP) is put forward later [8] . Unlike the HGPP that exploits Gabor phase relationships between neighbors, LGPDP encodes discriminative information in an elaborate way to achieve a better result. However, its encoding rules would result in a loose quadrant division. This might produce useless and redundancy patterns near the quadrant boundary, which would bring confounding effect and reduce efficiency.
For ear recognition, research involves 2D ear recognition, 3D ear recognition, earprint recognition and so on. Although many approaches have been proposed, such as the PCA for ear recognition [9] , Linear Discriminant Analysis and their kernel based methods [10] [11] [12] [13], 2D ear recognition remains a challenging task in real world applications as most of these methods are based on the statistical learning theory, which inspires the usage of local based approaches later [14] .
It has been confirmed that the Gabor phase could provide discriminative information for classification and the Gabor phase difference has sufficient discriminative ability [6] [8] . However, the Gabor phase difference should be exploited elaborately to avoid useless information. Therefore, we are motivated to give a new phase difference definition and design new encoding rules in order to extract features from Gabor phase differences effectively.
3
Gabor Phase based Image Representation Method
Gabor Function as Image Descriptors
In this section, we present the new local feature based image representation method, which also captures Gabor phase differences between the referencing pixel and its neighboring pixels at each scale and orientation, but using a new phase difference definition and encoding rules. Gabor wavelets are biologically motivated convolution kernels in the shape of plane waves, restricted by a Gaussian envelope function [15] . The general form of a 2D Gabor wavelet is defined as: 
The Novel Local Gabor Phase Difference Pattern
Because of the biological relevance with human vision, Gabor wavelets can enhance visual properties which are useful for image understanding and recognition [4] . Thus, Gabor filter based representations are expected to be robust to unfavorable factors, for example, the illumination. The idea that uses Gabor function as image descriptor is to enhance discriminative information by the convolution between the original image and a set of Gabor kernels with different scales and orientations. A Gabor wavelet kernel is the product of an elliptical Gaussian envelope and a complex plane wave. The Gabor kernels in Equation (1) [4] :
. The Gabor-based feature is obtained by the convolution of the original image and each Gabor filter
is the convolution result corresponding to the Gabor kernel at orientation μ and scale . The magnitude and phase spectrum of the are shown in Fig. 1 . The magnitude spectrum of is defined as:
where and denote the real and imaginary part of the Gabor transformed image respectively. Usually,
as the magnitude part of is adopted in the feature selection [4] [17] . But in our case, we choose the phase part of to utilize the discriminative power of the Gabor phase which was confirmed in [18] . The phase spectrum of is defined as: Our method is based on the local Gabor phase difference pattern which captures discriminative information from the Gabor phase for image representation [8] . In the LGPDP, the absolute values of Gabor phase differences, ranged from to , are calculated for each pixel in the image. Then they are reformulated to a 1-bit number: denotes phase differences from to π of the half quadrant can be encoded to be a 2-bit number, which is more precise than the LGPDP which divides the quadrant into two unequal parts. Meanwhile, the new definition of phase difference would discard useless information near the quadrant boundary. In this way, the coding of eight neighbors can be combined to be a 16-bit binary string for each pixel and converted to a decimal number ranged in [0,255]. This process is described in Fig. 2 . The eight 2-bit numbers are concatenated into a 16-bit number without weight, so that the histogram would not be strongly dependent on the ordering of neighbors (clockwise in LGPDP). Each of these values represents a mode how the Gabor phase of the reference pixel is different from that of its neighbors and what is the range between them. Fig. 2 gives an example of the pattern. The visualizations of the new pattern and the LGPDP are illustrated in Fig. 3 . The μ and are selected randomly. v
The histograms (256 bins) of Gabor phase differences at different scales and orientations are calculated and concatenated to form the image representation. As a single histogram suffers from losing spatial structure information, images are decomposed into sub-regions, from which local features are extracted. To capture both the global and local information, these histograms are concatenated to an extended histogram for each scale and orientation. The discriminative capability of this pattern could be observed from the results of histogram distance comparison ( 90 = μ , ), listed in Table 1 and 2.
are four images for two subjects. Subjects  S11  S12  S21  S22  S11  0  2556  3986  5144  S12  --0  3702  5308  S21  ----0  2826  S22 ------0 Table 2 . The histogram distances of four images for two subjects using the LGPDP. Subjects  S11  S12  S21  S22  S11  0  3216  3630  4166  S12  --0  3300  3788  S21  ----0  2932  S22 ------0 
Experiments
The proposed method is tested on the FRGC ver 2.0 database [19] and the USTB ear database [13] for face recognition and ear recognition, respectively. The classifier is the simplest classification scheme: nearest neighbour classifier in the image space with Chi square statistics as a similarity measure.
Experiments on the FRGC ver 2.0 Database
To evaluate the performance of the proposed method in face recognition, we conduct experiments on the FRGC version 2.0 database which is one of the most challenging face databases [19] . The images are normalized and cropped to the size of using the provided eye coordinates. Some samples are shown in Fig. 4 . In FRGC 2.0 database, there are 12776 images taken from 222 subjects in the training set and 16028 images in the target set. We conduct Experiment 1 and Experiment 4 protocols to evaluate the performance of different approaches. In Experiment 1, there are 16028 query images taken under the controlled illumination condition. The goal of Experiment 1 is to test the basic recognition ability of approaches. In Experiment 4, there are 8014 query images taken under the uncontrolled illumination condition. Experiment 4 is the most challenging protocol in FRGC because uncontrolled large illumination variations bring significant difficulties to achieve high recognition rate. The experimental results on the FRGC 2.0 database in Experiment 1 and 4 are evaluated by Receiving Operator Characteristics (ROC), which is face verification rate (FVR) versus false accept rate (FAR). Tables 3 and 4 list the performance of different approaches on face verification rate (FVR) at false accept rate (FAR) of 0.1% in Experiment 1 and 4.
From experimental results listed in Table 3 and 4, the proposed method achieves the best performance, which demonstrates its basic abilities in face recognition. Table  5 exhibits results of the comparison with some well-known approaches. The images are uniformly divided into 64 sub-regions in local based methods. The database used in experiments for Gabor + Fisher Linear Discriminant Analysis (FLDA) and Local Gabor Binary Patterns (LGBP) are reported to be a subset of FRGC 2.0 [20] , while the whole database is used for others. It is observed that our pattern has high discriminative ability and could improve face recognition performance. [19] 13.98 Gabor + FLDA [20] 48.84 LBP [16] 52.17 LGBP [20] 52.88 LGPDP [8] 69.92 Our method 78.36
Experiments on the USTB Ear Database
For ear recognition, experiments are conducted on a subset (40 subjects) of the USTB ear database that contains 308 images of 77 subjects [13] . These images are taken . Sample images for two subjects are shown in Fig. 5 . In this experiment, three images of one subject are taken as the training set and the remaining one serves as the testing set. Considering that complex information is contained in the ear print area, we divide images into sub-regions with 5-pixel overlapping. As in other local feature based methods, recognition performance can be improved by image division. Here we divide images uniformly into nine sub-regions with small overlapping. The spatially enhanced histogram is defined as the combination of features extracted from each sub-region. In this way, the texture of image could be locally encoded by micro-patterns and the ear shape could be recovered by the construction of feature histograms.
To evaluate the performance of the proposed method in ear recognition, it is compared with some widely-used methods: Principal Components Analysis (PCA) for ear recognition, Fisher Discriminant Analysis, rotation invariant descriptor, Local binary pattern and LGPDP. The average recognition rates (in %) using cross validation are listed in Table 6 . From experimental results, we can observe that the proposed pattern performs well in ear recognition, which demonstrate its efficiency and generalizability as an image representation for biometrics. Table 6 . Experimental results of ear recognition.
Methods
Recognition rate (in %) PCA [9] 78.68 FDA [10] 85.71 Rotation invariant descriptor [12] 88.32 LBP [16] 89.79 LGPDP [8] 89.53 Our method 92.45
Conclusions
In this paper, we propose a new Gabor phase based image representation method, which is based on the local Gabor phase difference pattern (LGPDP). There are two disadvantages of the conventional LGPDP: 1) 4 3 of the quadrant is encoded as an 1-bit number because of its loose quadrant division; and 2) Gabor phase difference patterns near π 2 are almost useless because the phase difference is defined as the absolute value of phase distance between neighbors, which might bring confounding effects to image representation. Therefore, we propose a new local feature for effective image representation, which could discard useless information by defining the phase difference measure in a novel way. Moreover, new encoding rules are designed to provide more precise quadrant division than the LGPDP. In virtue of these two contributions, the discriminative ability of the Gabor phase based pattern can be significantly improved. This method is evaluated on both the FRGC version 2.0 database and the USTB ear database. It is also compared with several state-of-theart approaches and achieves the highest recognition rates among them. The experimental results could demonstrate its capability and generalizability as an image representation.
